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Abstract—Many grocery stores offering a service called “Click 
and Collect,” where customers can submit an order online and 
pick up the order at the store or have it delivered. To offer this 
service in an efficient way while still meeting customer 
expectations, stores can adapt methods used in warehouse order 
picking. One strategy is the method used to group the orders into 
batches as they are received. We have examined two strategies for 
batching: order-based batching and time-based batching. From 
testing these two approaches, time-based batching produces a 
slightly lower average picking time, but order-based batching has 
orders ready for the customers sooner. Store managers can choose 
the approach that better meets their store’s objective. 
Keywords—click and collect, order picking, batching, retail 
I. INTRODUCTION 
A recent trend in the grocery business is offering a service 
called Click and Collect (C&C), which allows customers to 
place an order online and collect it at the store. The customers 
who utilize this service no longer need to go inside the store to 
pick their products because the store workers are picking the 
products for the customers. In a survey conducted by Nielsen 
Holdings (a global e-commerce information, data, and 
measurement company), 57% of the respondents are willing to 
use an online platform to order their groceries.  
When a customer order arrives, a worker travels to the 
shelves to pick the products to fulfill the customer order, a 
procedure which is similar to order picking in a warehouse. 
Hence, warehouse order fulfillment policies could be used to 
increase the efficiency of C&C service.  
One order picking policy that C&C could adopt is order 
batching. For a system where orders to be picked arrive 
throughout the day, there are two order batching strategies: 
order-based batching (OBB) and time-based batching (TBB). In 
OBB, a batch is formed after a fixed number of orders arrive. 
For example, if the desired batch size is three, once three orders 
arrive, a worker starts picking the products for all three orders.  
In TBB, orders that arrive within a certain time interval are 
batched together. For example, if the time interval is 30 minutes, 
the orders which arrive within 30 minutes of the previous batch 
being dispatched are grouped into a batch. The objective of this 
research is to evaluate how the average pick time for an order 
and the average ready time is affected by the batching strategy. 
II. LITERATURE REVIEW 
Since the C&C service is relatively new to the industry, to 
the best of our knowledge there is no previous research 
conducted on methods for managing C&C order fulfilment. 
Most of the research is focused on the customer analysis and 
information technology. The customer analysis research is 
mainly focused on the purchasing attitude of the customer [1]-
[10]. Research on information technology is concentrated on 
how to use existing technology to improve the customer 
experience for their online grocery shopping [11]-[15].   
The characteristics of order fulfillment in C&C are similar 
to warehouse order picking procedures. Therefore, previous 
research related to routing and batching strategies in a 
warehouse can be considered for application to C&C order 
fulfillment. 
Chew and Tang [16] analyzed order batching and storage 
allocation strategies in an order picking system for a rectangular 
warehouse. The order picking system was modeled as a 
queueing model and considered OBB policy. Travel time 
analysis was performed for random and class-based storage 
assignment. Their results show that the picking and sorting time 
of the batch increases with an increase in the size of the batch. 
For the same batch size, class-based storage assignment offers 
better savings in picking time than random storage. 
Xu et al. [17] proposed a travel time model and analyzed 
how the throughput time of customer order is affected by 
variable time window batching. For this analysis, it was assumed 
that the products are stored based on random storage policy. 
Their results show that the expected throughput time of the 
customer order can be achieved when there are a small number 
of picking aisles and lower expected inter-arrival times. Their 
results also suggest that the length of the picking aisles does not 
have much effect on the customer throughput time. 
Petersen [18] presented five order picking routing policies: 
traversal, return, midpoint, largest gap and composite. In the 
traversal strategy, a worker enters from one end of the aisle, 
travels to the storage locations to retrieve products, then leaves 
from the other end of the same aisle. Traversal is best suited for 
grocery stores because of the narrow aisles. Except for traversal, 
all the other policies require the worker to turn around within the 
aisle. Petersen’s results suggest that the optimal routing has 
shorter routes, but it does not follow a discernible pattern most 
  
of the time. Traversal would also be better-suited for grocery 
stores because of the narrow (and potentially congested) aisles, 
which could make it difficult for the worker to turn around. 
Valle et al. [19] investigated the Joint Order Batching and 
Picker Routing Problem (JOBPRP). Their main task is to find 
the minimum-cost closed walk where each picker visits their 
required locations. They described three integer programming 
formulations for the JOBPRP and introduced valid inequalities 
(cuts) for the problem. The main contribution of this paper is that 
the computational performance is significantly improved with 
valid inequalities. 
III. METHODOLOGY 
A. Notations  
 In the methodology, the following variables are used 
l Length of an aisle 
w Center-to-center distance between aisles 
b Distance from staging area to the beginning of storage 
area 
V Travel speed 
Dk Travel distance for batch k 
ATj Arrival time of order j 
RTj Ready time of order j 
OTj Pick time of order j 
BTk Pick time of batch k 
STk Start time of batch k 
Ak Set of all aisles to be visited for batch k  
Nk Number of aisles visited to pick batch k  
tc Extraction time of an item 
cj Number of line items for order j 
Bk Set of orders in batch k 
B Batch size  
Xjk 1, if order j is in batch k; 0, otherwise 
B. Routing Methodology  
A model of the order picking in a grocery store was 
developed to be able to simulate the process. Fig. 1 shows the 
layout of a store and the travel path to pick items for a batch. 
Once a batch of orders is ready, the worker starts from the 
staging area and travels to the appropriate aisle(s) to retrieve the 
products (indicated by storage locations with an “X”), then 
travels back to the staging area. 
The worker only visits aisles which contain items that are to 
be picked and uses the traversal policy, entering from one side 
of the aisle and exiting from the other side of the aisle. Also, if 
there is an odd number of aisles to be visited, the worker travels 
one extra aisle, to get back to the end where they started. This 
means that the value of Nk is either equal to |Ak| (if the number 
of aisles in the set Ak is even) or to |Ak| +1 (if the number of aisles 
in the set Ak is odd). 
 
Fig. 1.  Layout and travel path of the store 
 The total distance traveled by a worker to fulfill a batch of 
orders includes travel from the staging area (and back); travel 
through the Nk aisles where items to be picked are located; and 
travel to the last aisle where items are to be picked, as shown in 
(1).  
 Dk = 2b + (Nk · l) + 2(max{Ak} · w) (1) 
 The total time spent by the worker to pick line items includes 
the time to travel the distance as calculated in (1) and the time to 
extract items from the shelf. The time to pick a batch is shown 
in (2) and the time to pick an order is shown in (3).  
  (2) 
   (3) 
Ready time is the total time required for a customer order 
before it is ready for customer pickup. Ready time begins when 
the order arrives to the store and ends when all the items in the 
order are picked and brought to the staging area. The ready time 
of order j can be calculated using (4). 
 RTj = [Σ(STk + BTk)·Xjk ] - ATj (4) 
IV. RESULTS 
The objective of the testing is to evaluate the performance 
of two strategies for batching orders as they arrive to evaluate 
how each strategy affects workload and customer service.  
A simulation of the order fulfillment process was done to 
evaluate the batching strategies under different conditions. For 
each set of conditions, the simulation was run for 50 days with 
an average of 26 orders per day. 
To conduct the analysis, a grocery store dataset with 
necessary information like type of products ordered and the 
item(s) in an order was necessary. The publicly available Food-
mart dataset [20], was used for the analysis. 
  
The parameters assumed for the store are given in Table I: 
 
TABLE I.  STORE PARAMETERS 
Parameter Value 
Number of aisles 16 
Distance to staging 20 ft 
Center-to-center distance in aisle 10 ft 
Length of aisles 100 ft 
Travel speed 1 ft/sec 
Extraction time 10 sec/line 
 
The following assumptions were made for the simulation: 
 A worker is always available to pick a batch when it is 
ready  
 Items are assigned to aisles by product category, so 
demand is randomly distributed among aisles 
 C&C service operates for 9 hours a day 
For each customer order, the inter-arrival time was 
generated randomly based on the exponential distribution. 
Immediately upon arrival, an order enters a queue and waits 
until its batch is complete, which is either when the necessary 
number of orders have arrived or the necessary time has 
elapsed. Then, the orders are dispatched to be picked. 
For each batch, pick time is calculated by considering which 
aisles need to be visited to retrieve all of the items in all of the 
orders. As shown in (3), order pick time is calculated by 
dividing batch pick time by the number of orders in a batch, so 
all orders will have the same mean pick time. 
Ready time is calculated separately for each order by taking 
the amount of time an order waited in the queue for picking to 
start and the amount of time taken for picking the batch it was 
in.  
For a batch, its ready time is calculated as the largest ready 
time for an order in the batch (i.e., the earliest-arriving order in 
the batch). 
A. Order-Based Batching 
As batch size increases, picking becomes more efficient, 
since more items are picked with only slightly more travel. 
However, larger batches also reduce customer service, since 
most orders will wait longer after they are received for the batch 
to be ready to begin picking. 
To examine how batch size affects the pick time and ready 
time of orders, pick time and ready time were calculated for 
different batch sizes using a mean inter-arrival time of 20 
minutes. The results of OBB per batch are shown in Fig. 2.  
 
 
 
Fig. 2. Pick time per batch vs ready time per batch for OBB 
 
Fig. 2 shows that as the size of the batch increases, ready 
time per batch and pick time per batch also increase. Ready time 
increases because the time orders wait in the queue also 
increases. Pick time increases because the probability of visiting 
more aisles in the store increases, which raises the travel time.  
However, the pick time begins to level off for larger batch 
sizes. Larger batches contain more lines, which increases 
extraction time slightly, but the majority of pick time is travel, 
which has an upper limit. This system contains 16 aisles, so with 
a batch size of 12, workers are visiting all aisles for most 
batches. Therefore, further increases to batch size only add time 
for extraction. 
From Fig. 2, it can also be seen that the variability in pick 
time is much greater when the batches are small. This is because 
of the large variation in the number of aisles that are visited and 
in the last aisle that must be visited. Again, because batches that 
are large (relative to the number of aisles) will typically require 
  
visiting all aisles, the variation for these batches is mainly due 
differences in the number of lines in a batch. 
Because picking time increases only slightly when batch size 
is large, picking is more efficient with larger batches. More 
orders are filled without much additional time for the worker. 
Therefore, it makes more sense to also look at results of pick 
time and ready time per order instead of per batch.  
The OBB results calculated on a per order basis are shown 
in Fig. 3. To prevent the graph from becoming too cluttered, 
there is only one datapoint for each batch, based on the mean 
pick time and mean ready time for the orders in the batch. 
 
 
Fig. 3. Pick time per order vs ready time per order for OBB 
The per-order results in Fig. 3 show the opposite trend of 
the per-batch results. The highest pick time per order occurs 
for the smallest batches, since the travel for these batches is 
only slightly less than for large batches, but is distributed 
among a much smaller number of orders. Small batches still 
show a much wider range of values for pick time compared to 
large batches. 
Large batches again show a higher ready time than small 
batches, but the values are reduced from the per-batch results. 
Large batches have a higher ready time because orders wait in 
the queue longer before picking begins. However, since ready 
time is calculated on a per-order basis in Fig. 3, many orders 
have a small time in the queue and therefore have a small 
ready time. This is not reflected when per-batch ready time is 
considered because the ready time for a batch is represented 
by the maximum ready time for an order in that batch. 
Table II gives the mean values of ready time and pick time 
across all batches for each batch size. These results show that 
with the increase in the size of the batch, the mean ready time 
per order increases and the mean pick time per order 
decreases. 
TABLE II.  PERFORMANCE OF THE OBB STRATEGY FOR DIFFERENT 
BATCH SIZES 
Batch Size 
(orders) 
Mean Ready 
Time 
per Order 
(minutes) 
Mean Pick Time 
per Order 
(minutes) 
4 52.3 5.9 
6 76.5 4.7 
8 98.6 4.0 
12 138.6 3.1 
15 176.5 3.0 
 
 
B. Time-Based Batching 
To evaluate time-based batching, the same interarrival times 
and the same list of orders were used as for OBB. Based on the 
mean interarrival time of 20 minutes, the batch interval of 30 
minutes has an expected batch size of 1.5 orders. The remaining 
batch intervals tested (60, 90, and 120 minutes) correspond to 
expected batch sizes of 3, 4.5, and 6 orders, respectively. 
Pick time and ready time were calculated for different batch 
intervals and the results of TBB per batch are shown in Fig. 4.  
 
  
 
Fig. 4. Pick time per batch vs ready time per batch for TBB 
Fig. 4 shows that as the batch interval increases, the 
minimum and maximum pick time per batch increase slightly. 
There is a lot of variability in pick time across all time intervals 
because TBB allows a wide variation in the number of orders in 
a batch. 
The ready time per batch increases significantly as the batch 
interval increases. This is due to the larger queue time that is 
forced by the batch interval.  
For each of the different data sets, there is an apparent upper 
limit along which the values on the right side of the data set 
appear to be aligned. This boundary corresponds to the value of 
the batch interval: since ready time includes the waiting time for 
the batch to be formed, orders that arrive near the start of the 
batch interval must wait for the entire interval for picking to 
begin, but they never have to wait more than the batch interval. 
The (x,y) coordinates of a data point on this boundary will be 
(Batch Interval + Pick Time, Pick Time). 
The results of analyzing the TBB values in Fig. 4 on a per 
order basis are shown in Fig. 5. 
 
 
 
Fig. 5. Pick time per order vs ready time per order for TBB 
 
Fig. 5 shows that the times in TBB follow a similar trend to 
those in OBB. The pick time per order decreases and the ready 
time per order increases with an increase in the batch interval.  
However, the TBB results show more variability in pick time 
compared to the OBB results. This is because a batch under TBB 
could have 1 order or it could have double the expected number 
of orders, depending on the interarrival times of the individual 
orders. Even for very large batch intervals, a batch could consist 
of one or two orders that arrive near the end of the interval, 
leading to a low ready time, since this is based on when the 
orders arrive and not the start of the interval. 
The mean ready time and mean pick time for the different 
intervals are shown in Table III. 
  
  
TABLE III.  PERFORMANCE OF THE TBB STRATEGY FOR DIFFERENT 
BATCH INTERVALS 
Batch 
Interval 
(minutes) 
Mean Ready 
Time 
per Order 
(minutes) 
Mean Pick Time 
per Order 
(minutes) 
30 44.2 8.0 
60 51.9 6.4 
90 70.8 5.4 
120 90.5 4.8 
 
The trends in these results are similar to what was 
observed for OBB, with ready time increasing and pick time 
decreasing as the size of the batch increased. 
C. Effect of Order Interarrival Times 
Mean pick times per order and ready times per order were 
calculated for different values of mean time between order 
arrivals and different batch sizes. the results are shown in Fig. 6 
for OBB and Fig. 7 for TBB. 
 
 
Fig. 6. Results as interarrival times for orders change under OBB 
 
 
Fig. 7. Results as interarrival times for orders change under TBB 
In Fig. 6, the change in mean ready time is due to increases 
in interarrival time. With a larger time between orders, orders 
must wait in the queue longer for the necessary number of orders 
to arrive. However, mean pick time per order did not change for 
OBB much even though there is a big change in the mean time 
between the orders. This is because in OBB, a batch is released 
for picking when a fixed number of orders have arrived, which 
means the number of line items to be picked for a batch is not 
affected by the interarrival time. 
In Fig. 7, the increases in ready time under TBB correspond 
to decreases in the mean time between the orders. As orders 
arrive more quickly, batches will be larger, requiring more time 
for picking. This effect is also shown in TBB with a significant 
decrease in pick time per order as interarrival time decreases. 
Although the larger batches require more time to be picked, the 
pick time per order is lower. 
In order to have a fair comparison between OBB and TBB, 
the batch size for OBB and the batch interval for TBB were set 
so that the expected number of orders per batch were the same 
based on the mean time between orders.  
The results are shown in Table IV for OBB and Table V for 
TBB. Table VI shows the percent different between the two 
strategies. The percent differences in Table VI represent the 
change if the OBB strategy were switched to the TBB strategy. 
TABLE IV.  OBB RESULTS 
Batch Size 
(orders) 
Order-Based Batching 
Mean Time 
between 
orders (min) 
Mean Ready 
Time (min) 
Mean Pick 
Time (min) 
6 10 53.0 4.8 
4 15 46.3 6.0 
3 20 39.9 7.0 
TABLE V.  TBB RESULTS 
Batch 
Interval 
(min) 
Time-Based Batching 
Mean Time 
between 
orders (min) 
Mean Ready 
Time (min) 
Mean Pick 
Time (min) 
60 10 58.8 4.6 
60 15 54.8 5.7 
60 20 52.1 6.4 
TABLE VI.  COMPARISON OF OBB AND TBB RESULTS 
Expected 
Batch Size 
(orders) 
Mean Time 
Between 
Orders 
(min) 
Difference 
in Mean 
Ready Time 
Difference 
in Mean 
Pick Time 
6 10 10% -4% 
4 15 16% -5% 
3 20 23% -9% 
 
 Based on the results, OBB offers a shorter ready time than 
TBB. This is because the queue time for the last order in a batch 
under OBB is always zero, but in TBB this is not true. Since 
queue time is a part of the ready time, OBB produces a lower 
ready time.  
 The pick time for OBB is slightly higher than TBB because 
TBB is likely to have some batches in which the number of 
orders in the batch are slightly higher than the OBB batch size, 
due to variation in the interarrival times. For some days, this will 
lead to batches with zero orders—that is, no orders arrived in the 
batch interval—and this is particularly likely when the expected 
batch size is small. On days when TBB is able to complete the 
same orders as under the OBB strategy, but with fewer batches, 
  
the mean pick time per order on those days is smaller than OBB, 
which leads to a reduction in the overall mean pick time. 
V. CONCLUSIONS 
Simulation testing of the OBB and TBB batching heuristics 
shows that the OBB heuristic produces a lower mean ready 
time, with a slight increase in mean picking time. Deciding 
which heuristic is better for implementation in a given store 
depends on the store’s priorities—whether they are competing 
based on the speed with which orders are filled or the cost of 
the service. 
In general, the OBB strategy (and the lower ready time it 
produces) may be more desirable for stores. Although it will 
cause a slight increase in cost, customers who use this service 
are likely to be sensitive to the speed of the service rather than 
its cost. In addition, the pick time saved if a store choses TBB 
may not be used productively if the workers end up being idle 
waiting to begin their next batch. 
Future work will examine picking schedules for the two 
strategies and determine how staffing requirements change as 
expected batch size and interarrival time change. This will 
eliminate the assumption in this testing that a picker is always 
available when a batch is ready. 
In addition, further work is planned on developing a 
mathematical model of the picking process. The model for 
picking time in this paper was intended only for use in 
calculating the pick time and ready time in the simulation 
testing. Future work will develop a more rigorous model that 
can be used to determine optimal values of batch size or batch 
interval under a store’s operating conditions. 
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